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Abstract
■ Verbal instructions are central to humans’ capacity to learn
new behaviors with minimal training, but the neurocognitive
mechanisms involved in verbally instructed behaviors remain
puzzling. Recent functional magnetic resonance imaging
(fMRI) evidence suggests that the right middle frontal gyrus
and dorsal premotor cortex (rMFG-dPMC) supports the trans-
lation of symbolic stimulus–response mappings into sensori-
motor representations. Here, we set out to (1) replicate this
finding, (2) investigate whether this region’s involvement is
specific to novel (vs. trained) instructions, and (3) study
whether rMFG-dPMC also shows differences in its (voxel)
pattern response indicative of general cognitive processes of
instruction implementation. Participants were shown instruc-
tions, which they either had to perform later or merely mem-
orize. Orthogonal to this manipulation, the instructions were
either entirely novel or had been trained before the fMRI ses-
sion. Results replicate higher rMFG-dPMC activation levels
during instruction implementation versus memorization and
show how this difference is restricted to novel, but not
trained, instruction presentations. Pattern similarity analyses
at the voxel level further reveal more consistent neural pattern
responses in rMFG-dPMC during the implementation of novel
versus trained instructions. In fact, this more consistent neural
pattern response seemed to be specific to the first instruction
presentation and disappeared after the instruction had been
applied once. These results further support a role of rMFG-
dPMC in the implementation of novel task instructions and
highlight potentially important differences in studying this
region’s gross activation levels versus (the consistency of ) its
response patterns. ■
INTRODUCTION
Verbal instructions play a pivotal role in humans’ capacity to
assimilate new behaviors with minimal practice, avoiding
protracted, laborious phases of trial-and-error or imitation-
based learning (Morgan et al., 2015; Ramamoorthy &
Verguts, 2012). Within the study of human cognitive
and motor control, appreciable progress has been made
in describing the connection between symbolic informa-
tion integration and complex action learning, opening
new lines of research on how verbal instructions in-
fluence the neural and cognitive correlates of human
behavior (Meiran, Liefooghe, & De Houwer, 2017;
Demanet et al., 2016; Meiran, Pereg, Kessler, Cole, &
Braver, 2015; Everaert, Theeuwes, Liefooghe, & De
Houwer, 2014; Liefooghe, De Houwer, & Wenke,
2013; Liefooghe, Wenke, & De Houwer, 2012; Ruge &
Wolfensteller, 2010). In this respect, this study aims to
expand upon recent findings on the role of the lateral
prefrontal cortex (LPFC) in implementing and memoriz-
ing verbal instructions at different levels of information
processing and training.
Substantial evidence indicates that successfully imple-
menting instructed mappings between stimuli and motor
responses requires processes beyond mere knowledge of
these mappings, notably the ability to translate them into
motor programs for effective behavior (Brass, Liefooghe,
Braem, & De Houwer, 2017; Everaert et al., 2014;
Liefooghe et al., 2012, 2013). This “knowing” versus
“doing” divide speaks to the functional segregation
between the declarative versus procedural components
of working memory, supporting the temporary storage
of information for knowledge retrieval and action com-
pletion, respectively (Oberauer, 2009; Anderson, 1983).
From a clinical standpoint, curtailments in the ability to
implement verbally instructed motor rules despite re-
membering them accurately in patients having sustained
major frontal damage following infarct, brain tumors, or
head wounds suggest that the procedural component of
working memory depends predominantly on the integ-
rity of the frontal lobes (Duncan, 2013; Duncan, Emslie,
Williams, Johnson, & Freer, 1996; Luria, 1966). In1Ghent University, 2Radboud University Nijmegen
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keeping with this assumption, a number of functional im-
aging (fMRI) studies have revealed strong linkages be-
tween instruction implementation and activity in several
areas of LPFC. In one early study, Ruge and Wolfensteller
(2010) reported reliable relationships between activity in
the right middle frontal gyrus and dorsal premotor cortex
(rMFG-dPMC1; cf. Figure 2) during instruction encoding
and participants’ subsequent execution of these instruc-
tions. However, that study did not directly compare LPFC
involvement in implementing versus memorizing verbal
instructions. A more recent study by Demanet et al.
(2016) aimed to contrast brain activity during instruction
encoding between participants asked to implement
stimulus–response mappings on the one hand and partici-
pants tasked with memorizing these mappings on the
other. Consistent with Ruge and Wolfensteller’s (2010)
findings, these authors reported a cluster of activity
within the rMFG-dPMC in the implementation group
only. Together with evidence for right LPFC involve-
ment in praxis-related integration of verbal instructions
(Putt, Wijeakumar, Franciscus, & Spencer, 2017), these
findings further suggest a role of this brain sector in
translating verbal instructions into motor programs for
accurate behavior.
Interestingly, neither of these two studies directly exam-
ined the extent to which rMFG-dPMC involvement in novel
task instruction implementation can be modulated by par-
ticipants’ level of familiarity with the same instructions. This
question appears relevant given evidence for rapid reconfig-
uration of LPFC activity during repeated execution of motor
and cognitive tasks (Ruge & Wolfensteller, 2010; Raichle
et al., 1994). To our knowledge, the only attempt at ad-
dressing this question was carried out by Hartstra, Kühn,
Verguts, and Brass (2011), whose whole-brain analyses
however did not reveal any effect of training on the neural
correlates of instruction implementation versus memoriza-
tion. Instead, they observed left-lateralized LPFC involve-
ment in the processing of novel instructions regardless
whether these had to be memorized or implemented.
The particular locus of activity reported in this study lay
within the ventral portion of the inferior frontal junction
(IFJ)—an area that has long received attention for its role
in cognitive control and working memory (Brass, Derrfuss,
Forstmann, & von Cramon, 2005; Derrfuss, Brass, & von
Cramon, 2004). This departure from the more systematic
findings of the right LPFC involvement in verbal instruction
implementation (Putt et al., 2017; Demanet et al., 2016;
Ruge & Wolfensteller, 2010) warrants a more targeted
investigation into these regions’ neural dynamics dur-
ing instruction implementation versus memorization
at various stages of training.
In this view, we carried out an extensive reanalysis of
Hartstra et al.’s (2011) data set using an ROI approach.
Our primary goal was to examine whether LPFC might
exhibit sensitivity to novel instruction implementation
versus memorization following similar neurocognitive
patterns as observed in Demanet et al. (2016). In addi-
tion, Hartstra et al.’s data set allowed for further investi-
gations into how LPFC activity during instruction
implementation versus memorization is modulated by
training. In particular, according to computational
models of instruction implementation (Ramamoorthy &
Verguts, 2012), the neurocognitive processes involved
in early instruction encoding should no longer be neces-
sary whenever the same instructions are repeated, pre-
dicting decreases in LPFC involvement from novel to
trained instruction implementation in regions presumed
to support these processes. Alternatively, evidence exists
that parts of LPFC are involved in maintaining arbitrary
mappings between stimuli and responses even after
training has occurred (Ruge & Wolfensteller, 2010; Zach,
Inbar, Grinvald, Bergmann, & Vaadia, 2008; Boettinger &
D’Esposito, 2005), predicting sustained or increased in-
volvement of these regions over time. Which areas of
LPFC would show one or the other pattern in the partic-
ular context of instruction implementation and/or mem-
orization, however, remains unknown.
Importantly, we set out to investigate these questions
using both univariate and multivariate (voxel pattern)
analyses of fMRI data. In particular, the findings described
so far emerged exclusively from univariate fMRI analyses,
the conclusions of which are based on macroscopic task-
related BOLD signal changes averaged over widespread
voxel clusters. The explanatory range of such analyses
is limited insofar as they remain blind to the contribution
of individual voxels within these clusters to explain the
neural mechanisms deployed in a given condition. To
bridge this gap, advanced multivariate voxel pattern anal-
ysis (MVPA) techniques were developed to classify and
compare, at a finer level of granularity, the consistency
of spatially distributed voxel patterns indicative of these
task-specific cognitive mechanisms (Kriegeskorte &
Bandettini, 2007; Kriegeskorte, Goebel, & Bandettini,
2006; Norman, Polyn, Detre, & Haxby, 2006) and how
they interact with other subcomponents of action plan-
ning and execution (e.g., Gilbert, 2011). Importing these
methods into research on instruction implementation
has allowed researchers to reveal instructed rule identifi-
cation processes in LPFC areas additional to or over-
lapping with the regions identified by the studies
described above. These include the right ventrolateral
LPFC (Reverberi, Görgen, & Haynes, 2012a, 2012b), left
and right IFJ, and anterior portions of the IFS (cf. Muhle-
Karbe, Duncan, De Baene, Mitchell, & Brass, 2017; Bode
& Haynes, 2009).
Therefore, besides comparing overall differences in
mean activation (i.e., univariate analyses), we also used
MVPA to measure the consistency of each region’s voxel
pattern response to instructions for memorization versus
implementation purposes. Specifically, if a given region is
involved in instruction implementation by encoding
information specific to each new task sequence within
a given condition, it should show a different voxel pattern
per task sequence. Hence, the consistency in voxel
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pattern response across the different task sequence pre-
sentations should be relatively low during instruction
implementation and should thus be similar to or even
lower than the voxel pattern consistency during in-
struction memorization. On the other hand, if an ROI
subserves an instruction implementation mechanism
generalizing over every task sequence (e.g., activating
a generic if–then rule) regardless of its individual prop-
erties, it should exhibit higher consistency in voxel pat-
tern responses throughout this condition. Within the
context of research on the knowing versus doing dis-
tinction driving instructed behaviors, this multivariate
approach could shed further light upon the complex
mechanisms of instruction implementation versus
instruction memorization at their different levels of
processing and training.
METHODS
This study features a reanalysis of the data collected in
Hartstra et al. (2011). Here we provide a description of
the design adapted to the research questions outlined
in the Introduction.
Participants
Participants were 18 right-handed (Oldfield, 1971),
healthy individuals (five men, mean age = 21.95 years,
SD = 2.96) without reported history of neurological dis-
orders. Written consent was obtained from all partici-
pants before their participation, and the study was
approved by Ghent University Hospital ethics review
board. AA45 compensation was provided to participants
in return for their participation.
Tasks
The experimental conditions for this study comprised a
stimulus–response condition (SR; cf. Figure 1A) and an
object–color condition (OC; cf. Figure 1B). Trials within
both SR and OC consisted of task sequences beginning
with two task-specific instructions that could or could
not be followed by target pictures (see below for detail).
Half of these pictures were manmade objects (e.g.,
CAR), and the other half were animals (e.g., CAT). All
pictures were taken from the picture/name database
described in Severens, Van Lommel, Ratinckx, and
Hartsuiker (2005).
For SR trials, instruction screens provided two stimulus–
response rules linking object or animal names with
index finger responses (abbreviated “I”) or middle finger
responses (abbreviated “M”) presented on the left and
right side of an equal sign, respectively (e.g., DOG = I;
CAT = M). Thereafter, a picture could appear, which
had or had not been announced as part of the preceding
instructions. In the former case, participants had to re-
spond to the target following the instructions given to
them by pressing both left and right index or middle fin-
gers simultaneously. These bimanual responses were
used to guard against confounding imagery strategies,
whereby participants associate objects with particular
spatial locations. In the latter case, participants had to re-
frain from performing any motor responses. Index and
middle finger responses for upper and lower instructions
were randomized in such a way that one half of index/
middle finger responses were presented as part of the
upper instruction line and the other half as part of the
lower instruction line. Half of the target pictures were
colored differently from the other half. Pink/green,
pink/red, and green/red color sets were counterbalanced
across participants.
Figure 1. Experimental
protocol for the study,
illustrating a task sequence in
the SR (left, e.g., pressing index/
middle fingers when a jacket/
knife appears) and the OC
(right, e.g., verifying whether a
banjo/balloon is displayed in
red/blue). For both conditions,
some instructions would always
be followed by one or the other
target mentioned on the
instruction screen (i.e., applied
trials with a response expected),
whereas other instructions
would be followed by an
uninstructed target (i.e., catch
trials without expected
responses), and yet others by a blank screen (i.e., instructed trials without expected responses). In addition to these three trial types, control
trials were included, in which the instructions could be followed by both instructed targets (as in applied trials) or blanks (as in blank trials). All
trials ended with a screen providing feedback information on performance accuracy (see main text for detail). Note that the experiments were
conducted in Dutch.
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For OC trials, instruction screens provided participants
with stimulus–stimulus rules linking object or animal
names and the blue (B) or red (R) colors presented on
the left and right side of a “plus” sign, respectively
(e.g., Donkey + R; Cat + B). A colored target picture
could then appear, which had or had not been
announced as part of the preceding instructions. In the
former case, participants were asked to establish whether
the color of the object matched the object–color
mapping rule announced by the instructions by pressing
left and right index fingers (abbreviated “I”) or middle
fingers (abbreviated “M”) simultaneously (e.g., true = I;
untrue = M). The response mappings provided on the
target screen were randomized, with one half where
index finger responses were presented as part of the
upper rule and the other half as part of the lower rule.
Furthermore, true or untrue judgment responses were
randomly divided over finger pairs so as to prevent asso-
ciative strategies linking index/middle fingers with partic-
ular truth values.
The contrast of interest between SR and OC thus lies in
the cognitive processes assumed to take place during the
instruction encoding phase. In SR, these processes involve
establishing associations between objects and motor re-
sponses as early as the instruction phase following an if–
then rule format. OC instructions, by contrast, provide
associations between objects and their perceptual features
(i.e., color) but do not express any such if–then stimulus–
response rules, which are established only later during the
target phase. This difference enabled comparison of verbal
instruction encoding with regard to the presence/absence
of if–then implementation rules (see Introduction for
hypotheses) while closely controlling for the amount
and type of information conveyed.
Design and Protocol
All participants took part in a training session and a
scanning session organized on two successive days. The
purpose of the training session was to introduce multiple
times applied and multiple times instructed SR and OC
trials (see below) to be presented again during the scan-
ning session to examine the neural dynamics of repeated
instruction implementation or memorization. SR and OC
trials were pseudorandomly interspersed throughout the
training and scanning sessions with the restrictions that
(1) the same task type could not occur five times consec-
utively and (2) the same instruction screen could not be
repeated in two consecutive trials. Both tasks were pro-
grammed using E-Prime (Psychology Software Tools).
Stimuli in the training session were presented on a
17-in. CRT monitor, and participants’ responses were re-
corded using a standard PC keyboard. Stimuli in the scan-
ning session were presented on an MR-compatible screen
visible to participants through a mirror attached to the
head coil, and participants’ responses were recorded
using MR-compatible two-response button boxes placed
on their left and right thighs.
Training Session
Trials in both SR and OC began with a cross-hair dis-
played in the center of the screen with a random presen-
tation time of 0, 50, 250, or 500 msec. An instruction
screen then appeared for 2000 msec, followed by a
250-msec long blank screen. An instructed target, an un-
instructed target, or a blank screen (see below for detail)
then appeared for a maximum duration of 1500 msec for
SR and 2000 msec for OC or until the participant pro-
vided a response. Participants were required to respond
to instructed targets and to ignore uninstructed targets
or blank screens. A 500-msec feedback screen appeared
after participants’ responses, indicating whether their
responses were correct, incorrect, too slow, or with
too long a delay between the two finger presses (over
50 msec).
A total of 160 unique instructions were presented dur-
ing the session, half of which conveyed implementation
rules (SR) and the other half conveyed memorization
rules (OC). For each task, 20 of the 80 instructions were
followed by a target mentioned in the preceding instruc-
tion screen. These instructions were presented 10 times
for a total of 200 trials per task. These trials are therefore
referred to as multiple times applied trials. For both
tasks, half of the target screens displayed one of the
instructed targets, and the other half displayed the other
target. To counter any strategy formation, whereby par-
ticipants implement only one of the two instructions
and thus prepare only one motor response for each
instruction screen, 20 out of the remaining 60 instruc-
tions were followed by an uninstructed target. These
catch trials were presented one time for a total of 20 trials
per condition.
Out of the 40 remaining instructions, 20 of them were
never followed by a target. These multiple times in-
structed trials were presented 10 times, for a total of
200 trials per condition. To guard against strategies
whereby participants cease to process instructions that
are never followed by a target, the remaining 20 instruc-
tions were used as control trials, half of which were
followed by a target and the other half by a blank. Each
of these 20 instructions was presented four times, for a
total of 80 trials per condition.
A training session therefore comprised 500 implemen-
tation trials (SR) and 500 memorization trials (OC) for a
total of 1000 trials. These were distributed across four
blocks of 250 trials each (125 trials per task), with breaks
allowed between blocks. Participants were briefed before
the training session and were given the opportunity to
practice both tasks on 18 trial sequences. None of the
items used in these practice blocks reappeared in the
experimental blocks.
Bourguignon et al. 1173
Scanning Session
The scanning session involved carrying out SR and OC
while participants’ fMRI data were concomitantly being
acquired. The overall structure of SR and OC trials was
similar to those in the training session, but a pseudologa-
rithmic jitter was introduced between instruction screen
offset and target screen onset to separate instruction-
related and target-related brain signal. The jitter was dis-
tributed across trials in incremental steps of 800 msec,
50% of which ranged from 200 to 2600 msec, 30% from
3200 to 5600 msec, and the remaining 20% from 6200 to
8600 msec, for an average jitter time of 3431 msec.
One hundred twelve new and unique instructions were
used, 56 of which were SR instructions and the other 56
were OC instructions. For both SR and OC, 20 instruc-
tions were always followed by an instructed target and
were presented twice over the scanning session for a
total of 40 trials per condition. For half of these newly
applied trials, one of the instructed targets was presented
on the target screen, and for the other half, the other tar-
get. To guard against strategies whereby participants
processed/prepared only one instruction/motor re-
sponse, 6 of the remaining 36 instructions were used as
catch trials, in which instruction screens were followed by
uninstructed targets.
Of the remaining 30 instructions, 20 of them were
never followed by a target. These newly instructed trials
were presented twice for a total of 40 trials per condition.
To ensure that participants effectively processed these in-
structions, the 10 remaining instructions were used four
times in control trials, half of which displayed a target and
the other half a blank, again totaling to 40 trials per task.
In summary, 252 trials employed new and unique instruc-
tions that were not used in the training session.
In addition to these new trials, the 20 multiple times
applied and 20 multiple times instructed trials per task
of the training session were also used in the scanning ses-
sion. Instructions in all of these trials were followed by an
instructed target and presented twice for a total of 160
trained instruction trials (80 per task).
The scanning session therefore comprised 412 trials
distributed across four experimental blocks. Participants
were briefed about the SR and OC conditions and were
given the opportunity to practice both conditions for 18
trials. None of the stimuli used in the practice phase were
used in the experimental phase. Overall, the scanning
sessions lasted about 50 min.
Behavioral Data Analysis
Besides checking overall performance accuracy, behav-
ioral data analyses were conducted primarily to examine
the possible effects of participants’ familiarity with in-
structions on their response latencies and performance
accuracy. To this end, response latencies (in milli-
seconds) and percent accuracy scores for the first and
second iterations of the newly applied and multiple times
applied trials were entered into repeated-measures
ANOVAs including Training (newly applied vs. multiple
times applied, two levels) and Iteration (first vs. second
iteration, two levels) as within-subject factors. This was
done separately for SR and OC.
fMRI Acquisition and Pre-processing
The scanning sessions were run on a 3T Siemens Trio
scanner using an eight-channel radiofrequency head
coil. Participants lay supine in the scanner while 176
high-resolution structural scans were first acquired
through a T1-weighted 3-D MPRAGE sequence (repetition
time = 2.53 sec, echo time = 2.58 sec, image matrix =
256 × 256, field of view = 220 mm, flip angle = 7°, slice
thickness = 0.90 mm, voxel size = 0.9 × 0.86 × 0.86 mm
resized to 1 × 1 × 1 mm). Whole-brain functional volumes
were then acquired while participants performed the tasks
using a T2*-weighted EPI sequence (repetition time= 2 sec,
echo time = 35 msec, image matrix = 64 × 64, field of
view = 224 mm, flip angle = 80°, slice thickness = 3.0 mm,
distance factor = 17%, voxel size = 3.5 × 3.5 × 3.5 mm,
30 axial slices). Given the self-paced initiation of trials, a
varying number of volumes were acquired per block.
MRI data preprocessing was performed using SPM8
(http://www.fil.ion.ucl.ac.uk/spm/software/spm8/). The
first two scans of each EPI series were removed to control
for T1 relaxation effects. For each participant, a mean im-
age for all volumes was produced, and individual volumes
were spatially realigned using rigid body transformation.
The volumes were then slice time-corrected using the
first slice as reference. Each participant’s structural image
was then coregistered with their mean functional image
and normalized to the Montreal Neurological Institute T1
template (Montreal, Quebec, Canada). The four separate
runs were concatenated into a single session. Both anal-
ysis types were also performed on temporally smoothed
data using a 128-Hz high-pass filter. Images were re-
sampled into 3.5 mm3 voxels.
An important difference between the preprocessing
steps preceding univariate and multivariate fMRI analyses
relates to the use of FWHM spatial smoothing applied to
voxel assemblies. Although such procedure is typically
used to increase signal-to-noise ratio in whole-brain uni-
variate analyses, it is generally avoided in multivariate
analyses as it defeats their purpose of accounting for
the contribution of individual voxels as part of their re-
sults (Kriegeskorte & Bandettini, 2007; Kriegeskorte
et al., 2006; Norman et al., 2006). In effect, in the present
case, spatial smoothing proved unnecessary for either the
univariate or the multivariate analyses, because both
were conducted on MR signal obtained from predefined
ROIs (see below). Even for univariate analyses, spatial
smoothing applied over ROIs is not only redundant but
also likely to mix signal from voxels within these ROIs
with signal from outside neighboring voxels. For these
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reasons, spatial smoothing was not applied before either
the univariate or the multivariate analyses.
fMRI Analyses
Regions of Interest
The specific ROIs selected for analysis are featured in
Figure 2. Of primary interest to this study is the activation
cluster reported in Demanet et al. (2016), which spanned
from the middle aspects of the right frontal gyrus back to
the dorsal premotor cortex (Figure 2, violet). Although
this cluster was originally labeled by Demanet et al.
(2016) the IFS because of its observed peak coordinates
(MNI, x = 39, y = 20, z = 31), its anatomical overlap and
resemblance with the cluster reported earlier by Ruge
and Wolfensteller (2010) as the rMFG-dPMC motivated
us to choose the latter label for consistency. The ROI
used for this cluster is the original cluster of activity ob-
served by Demanet et al. (2016). Additional ROIs exam-
ined here included the left and right IFJ (cf. Figure 2,
turquoise) and the left and right IFS (cf. Figure 2, blue),
both of which were examined in the context of Muhle-
Karbe et al.’s (2017) study on instruction implementation
versus memorization and constructed as 10-mm radius
spheres centered around the center-of-gravity co-
ordinates reported in Muhle-Karbe et al. (2017): IFJ left:
x = −40, y = 4, z = 30; IFJ right: x = 44, y = 10, z = 34;
left and right IFS were x = ±38, y =39, z = 23. Finally,
we also included the right ventrolateral pFC (VLPFC; yel-
low), reported as part of the studies of Reverberi
et al. (2012a, 2012b) on rule identification processes
and provided to us courtesy of Dr. Carlo Reverberi
(University of Milano-Bicocca, Milan).
It is worth mentioning at this point that these ROIs
were observed and/or investigated as part of studies
using very different instruction formats, including exclu-
sively verbal instructions (Demanet et al., 2016), mixtures
of abstract patterns and verbal instructions (Ruge &
Wolfensteller, 2010), mixtures of real-world pictures and
verbal instructions (Muhle-Karbe et al., 2017), or abstract
patterns exclusively (Reverberi et al., 2012a, 2012b). It is
therefore quite possible that the findings reported across
these studies may differ as a result of differences in these
instructions’ modality. Including these ROIs as part of
this study allowed us to additionally investigate which
parts of LPFC may preferentially respond to instructions
conveyed in an exclusively verbal format.
General Linear Model
A first general linear model (GLM) of the data was ob-
tained using the GLM tool implemented in SPM8. Because
this study focused on the instruction phase in both SR and
OC trials, the main focus was on the onset of the instruc-
tion screens, on which participants’ canonical hemody-
namic response function was modeled along with its
first derivative. The primary analyses were designed to in-
vestigate the neural dynamics of each ROI associated
with instruction implementation versus memorization at
their different levels of information processing and train-
ing. This was done by comparing brain responses to in-
structions pertaining to trials carried out during the
scanning session only (“novel” instructions) and instruc-
tions pertaining to trials performed in the training ses-
sion and repeated in the scanning session (“trained”
instructions). In the primary GLM analysis, novel instruc-
tions were obtained by including within a single vector
the first instruction screens of the newly applied trials
and the first instruction screens of the newly instructed
trials (see also Hartstra et al., 2011, for a similar ap-
proach). The sole difference between these trial types
is that, in the latter case, instructions were never followed
by a target; therefore, both trial types were similar with
regard to their instruction phase. This was done sepa-
rately for OC and SR. The second instruction screens
of the newly applied and newly instructed trials were in-
cluded as regressors of noninterest. Instruction screens
for trained instructions included the first and the second
Figure 2. ROIs selected for analysis and overlaid on the standard MNI template. The results presented here focus on the rMFG-dPMC, the right
VLPFC (R VLPFC), the left and right IFJ (L/R IFJ), and the left and right IFS (L/R IFS). References given next to each ROI correspond to studies
in which this ROI displayed sensitivity to instruction onset. The ROI for the rMFG-dPMC is the original cluster of activity reported in Demanet et al.
(2016). The ROI for the right VLPFC was build based on the cluster of activity reported in Reverberi et al. (2012a, 2012b) and obtained through
the courtesy of Carlo Reverberi (University of Milano-Bicocca, Milan), and ROIs for left and right IFJ and left and right IFS were built as 10-mm radius
spheres centered around the center-of-mass coordinates, as also used in Muhle-Karbe et al. (2017).
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instruction screens of the multiple times applied trials.
Once again, this was done separately for SR and OC. Re-
gressors of noninterest comprised brain activation during
the first and second instruction screens of the multiple
times instructed SR and OC trials, brain activation related
to target screen presentation, catch and control trial in-
structions. Finally, six regressors were also included to
model residual motion artifacts.
Univariate Analyses
Univariate analyses of the data were based on task-related
activation of each ROI averaged within each condition,
that is, novel SR, trained SR, novel OC, and trained OC.
This was done separately for each participant. The aver-
age activation patterns were then entered into repeated-
measures ANOVA for analysis (see Univariate Analyses
in the Results section for details on the factors included
in the ANOVAs).
Multivariate Voxel Pattern Analyses
In line with previous research from our group (Braem
et al., 2017), MVPA was performed to assess and compare
pattern consistency per condition—that is, the degree to
which voxel patterns between trials of the same con-
ditions more or less correlated with one another (cf.
Figure 3). This approach is reminiscent of the notion of
internal consistency as defined within classical test theory
(McDonald, 1999), for which the correlation between
items belonging to the same tests reflects the degree to
which these tests accurately measure a given attribute or
psychometric construct (e.g., fluid intelligence, creativity,
visuospatial reasoning). Similarly, the degree to which
data points within the same condition (in this case SR
or OC) or subcondition (novel or trained) correlate with
one another should signal the presence of mechanisms
specific to this (sub)condition but shared across the dif-
ferent task exemplars. In the present case, these mecha-
nisms could include (a) recognition of instructions as
novel or trained, (b) encoding of stimulus–response
rules (associating a given perceptual stimulus with a
motor response, as in SR) or stimulus–stimulus rules (as-
sociating the identity of the stimulus with a perceptual
attribute such as color, as in OC), or (c) a combination
of both (i.e., novel vs. trained stimulus–response rules
in novel SR vs. trained SR trials or novel vs. trained
stimulus–stimulus rules in novel vs. trained OC trials).
Because a different set of instructions was presented
for each trial (i.e., task sequence), these correlations
were within condition but across task sequences. Alterna-
tively, condition-specific involvement of a brain region
could also result in indifferent (or even lower) internal
consistency measures. Specifically, if a given region also
processed or retained task-specific information during
one type of instruction presentation specifically (e.g.,
the processing of novel stimulus–response rules), one
would expect more dissimilarity in voxel pattern re-
sponses to the different task exemplars and thus not a
higher internal consistency. To this end, we tested
whether (1) regions showed internal consistency measures
during the implementation of novel stimulus–response
rules that differed from novel stimulus–stimulus rules or
trained stimulus–response rules and (2) used the direc-
tion of this difference to infer whether this region
processed task-specific information or recruited a more
abstract process specific to novel task implementation
instead.
Following the split-half method of internal consistency
estimation (McDonald, 1999; Cronbach, 1951), the in-
structions modeled in the novel and trained instruction
vectors for SR and OC in the GLM described in the Gen-
eral Linear Model section were distributed across two
separate regressors depending on being odd or even data
points within the vector. Representational similarity anal-
yses were then performed on participants’ unsmoothed
parameter estimates using custom made scripts (devel-
oped by Kenneth S. L. Yuen at Neuroimaging Center
Figure 3. Procedure used in voxel pattern analyses of the present data. Analyses were performed following a split-half testing method of internal
consistency, whereby GLM trials within each condition of interest were distributed into separate vectors depending on being in an odd or even
position. Next, we performed Fisher-transformed Pearson correlations between the voxel patterns for odd- and even-trial vectors for the same
condition in each participant, as a measure of voxel pattern consistency. The resulting condition-specific correlations were then averaged and entered
into repeated-measures ANOVAs for comparisons.
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Mainz, Johannes Gutenberg University Medical Center,
Germany). For each ROI examined, the processing steps
for these analyses included (1) extraction of individual
participants’ parameter estimates for odd and even trials
within each condition, (2) correlation of individual partic-
ipants’ parameter estimates between odd and even trials
within each condition, and (3) Fisher transformation of
individual participants’ correlation coefficients allowing
for statistical comparisons. The data were then entered
into repeated-measures ANOVAs (see Results for more
detail on the factors included in the ANOVAs).
Follow-up MVPA
In a second set of multivariate analyses, we examined the
impact of having previously applied or merely received
(but not applied) an instruction within the context of
the scanning session only. To this end, we constructed
a second GLM in which separate vectors were created
for the first and second presentation screens of the newly
applied and newly instructed trials separately. This was
done separately for SR and OC. The main differences
between these trials and those used for the primary anal-
yses are (1) that their repetition is restricted to two iter-
ations during the scanning session (thus permitting
comparison of internal consistency between the first
and the second iteration of the same task sequence)
and (2) that instructions during the newly instructed tri-
als are never actually executed in the target phase (thus
permitting comparison of internal consistency between
brain signal associated with effectively executed task
rules and rules that were instructed before but never ex-
ecuted). Similar to the primary analyses, trials within each
of these separate vectors were distributed between sep-
arate regressors, depending on their position as odd or
even data points within the vector. Once again, the goal
of this odd/even distribution was to be able to compare
internal consistency between odd and even trials of the
first and second presentation screens. Regressors of non-
interest modeled brain activation related to target screen
presentation, catch and control trial instructions, and six
additional regressors were also included to model resid-
ual movement-related artifacts.
RESULTS
Behavioral Data
More detailed behavioral analyses of the same data set
are described in Hartstra et al. (2011). Given the focus
of this study, we were interested here mainly in the ex-
tent to which previous applications of instructions pre-
sented during the training and scanning sessions
(multiple times applied trials) or during the scanning ses-
sion only (newly applied trials) impacted participants’
performance during scanning. We predicted in particular
that participants should learn from previous task applica-
tions, which should be reflected in progressive decreases
in response latency and, conversely, increases in perfor-
mance accuracy. To this end, we entered RTs for the first
and second iterations of the multiple times applied trials
and newly applied trials in a repeated-measures ANOVA
including Training (newly vs. multiple times applied
trials, two levels) and Iteration (first vs. second trial) as
within-subject factors. This was done for SR and OC sep-
arately. As predicted, RTs during the scanning session de-
creased as participants’ level of training with instructions
increased (cf. Figure 4, top left and right graphs). This
effect was reliable both between newly applied and mul-
tiple times applied trials of both SR and OC (main effect
of Training in SR: F(1, 17) = 129.00, p < .001, ηp
2 = .884
and OC: F(1, 17) = 17.093, p = .001, ηp
2 = .501). The
same effect was also observed between the first and
second iteration of both newly applied and multiple
times applied SR trials (main effect of Iteration: F(1,
17) = 12.864, p = .002, ηp
2 = .431) but not for OC trials
(F(1, 17) = 2.339, p = .145). No reliable Training × Iter-
ation interaction was significant for either SR or OC (all
Fs < 1).
Also in line with predictions, percent accuracy scores
increased between newly applied and multiple times
applied trials (cf. Figure 4, bottom left and right graphs),
as indicated by a main effect of Training in both SR (F(1,
17) = 10.442, p = .005, ηp
2 = .381) and OC (F(1, 17) =
21.235, p < .001, ηp
2 = .555). There was a trend toward
greater accuracy from the first to the second iteration of
SR trials (main effect of Iteration: F(1, 17) = 3.457, p =
.08), which was not apparent for OC (Iteration: F(1,
17) = 2.565, p = .127). No reliable Training × Itera-
tion interaction was obtained for either SR or OC (all
Fs < 1). Accuracy remained safely above chance levels
for all participants (over 65%) as well as at the group
level (over 80%), confirming that they understood the
tasks and had sustained attention throughout the scan-
ning session.
fMRI Analyses
Univariate Analyses
Results of the univariate analyses are displayed in
Figure 5. As outlined above, the first goal of this study
was to replicate Demanet et al.’s (2016) initial observa-
tion that rMFG-dPMC supports instruction imple-
mentation processes additional to simple instruction
memorization (SR vs. OC) in the absence of training.
We investigated this question with a first repeated-
measures ANOVA using ROI (six levels) and Condition
(novel SR vs. novel OC, two levels) as factors of inter-
est. Analyses revealed a reliable ROI × Condition
interaction (F(3.334, 56.685) = 9.23, p < .001, ηp
2 =
.352). We followed up on this interaction with paired
t tests comparing BOLD signal amplitude between
novel SR and novel OC conditions in all ROIs. Results
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revealed significantly larger BOLD signal in novel SR
compared with novel OC in right IFJ (t17 = 4.064,
p = .006) and rMFG-dPCC (t17 = 3.409, p < .02,
all other ps not significant).
In addition, we examined whether this putative
implementation-specific function of rMFG-dPMC pertains
to the implementation of novel task instructions or per-
sists across novel and trained task sets. We addressed this
question with a second repeated-measures ANOVA,
including ROI (six levels), Condition (SR vs. OC, two
levels), and Training (novel vs. trained) as factors of inter-
est. Results revealed a reliable ROI × Condition inter-
action (F(2.829, 48.096) = 5.733, p = .002, ηp
2 = .252),
a reliable Condition × Training interaction (F(1, 17) =
6.437, p = .021, ηp
2 = .275), and a reliable ROI × Condi-
tion × Training interaction (F(3.328, 56.580) = 4.949, p =
.003, ηp
2 = .225). When following up on this by studying
the Condition × Training interaction for each ROI sepa-
rately, this interaction was reliable in the left IFJ (F(1,
17) = 7.506, p = .014, ηp
2 = .306), the right IFJ (F(1,
17) = 15.509, p = .001, ηp
2 = .477), as well as the
rMFG-dPMC (F(1, 17) = 15.652, p = .001, ηp
2 = .479),
but not in the other regions (all ps > .37). In the right
IFJ and rMFG-dPMC, this interaction confirmed that the
implementation-specific function of these regions was spe-
cific to novel task instructions. Specifically, the interaction
was driven by a reliably larger BOLD signal change in novel
SR versus novel OC (see above), but this difference was
absent on the trained SR versus OC trials ( ps ≥ .06).
In the left IFJ, the interaction was primarily driven by a
significantly larger BOLD signal in novel compared with
trained SR (t17 = 2.742, p = .01).
It is worth remarking on the unexpectedly high BOLD
signal amplitude observed for trained SR and OC trials in
right IFJ and rMFG-dPMC. Because this finding was not
part of our main research question, it will not be investi-
gated further here. However, we will formulate some
speculative avenues of interpretation regarding its func-
tional significance in the Discussion section.
MVPA
The next set of analyses reported in this study aimed to
investigate, from a multivariate angle, whether these
ROIs also show differences in the consistency of their
voxel pattern responses. Such differences would not only
further support their role in the implementation of novel
stimulus–response rules (SR trials) but also give further
insight as to whether their role is one that also codes
for specific task information (i.e., similar or lower voxel
pattern consistency) or recruits a more abstract process
Figure 4. Evolution of RTs and
performance accuracy as a
function of the first and second
iteration (It1 and It2) of newly
applied trials (NA) and multiple
times applied trials (MTA) of the
SR (A/C) and the OC (B/D)
during the scanning session.
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that generalizes across tasks instead (i.e., higher voxel
pattern consistency).
Results of the multivariate analyses are displayed in
Figure 6. Following the same approach as in the univari-
ate analyses, we first investigated the extent to which re-
liable differences could be observed between novel SR
and novel OC instructions also at the multivariate level.
We first performed a repeated-measures ANOVA on the
Fisher-transformed Pearson’s R correlations between odd
and even trials of novel SR and novel OC, which revealed a
reliable ROI × Condition interaction (F(3.367, 57.235) =
4.581, p = .005, ηp
2 = .212). Follow-up t tests indicated a
trend toward greater internal consistency in SR compared
with OC in right IFJ (t17 = 2.041, p = .057) and rMFG-
dPMC (t17 = 1.769, p = .095, other ps not significant).
This higher similarity in voxel patterns between the odd
and even trials of the novel SR condition suggests that
these regions possibly recruit an abstract process that
helps implementing stimulus–response rules (but not
so much stimulus–stimulus rules), irrespective of the
exact task information.
To examine the effect of training on the differences
between SR and OC in these regions’ voxel pattern con-
sistency, we ran another repeated-measures ANOVA
including Training (novel vs. trained, two levels) as addi-
tional within-subject factor. Results revealed a reliable
ROI × Condition × Training interaction (F(1, 17) =
3.968, p = .01, ηp
2 = .189). Interestingly, the only region
showing a significant Condition × Training interaction
was the rMFG-dPMC (F(1, 17) = 5.06, p < .04, ηp
2 =
.229), whereas all other regions showed no such inter-
action (all ps > .09). Similar to the univariate analyses,
Figure 5. Mean parameter estimates (with standard errors of mean across participants) from the univariate analyses comparing novel and trained
trials of the SR and the OC in the left/right IFJ (R/L IFJ), the left/right IFS (L/R IFS), the rMFG-dPMC, and the right VLPFC (R VLPFC). *p < .05.
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follow-up t tests for rMFG-dPMC again showed how there
was a significant difference between SR and OC when they
were novel (see above), but not when this comparison was
done on trained task sequences (t17 = 1.061, p> .3). More-
over, these multivariate analyses showed greater pattern
consistency in novel SR compared with trained SR (t17 =
2.893, p = .01). Importantly, this result indicates that
odd- and even-trial vectors within the novel SR condition
display more similarity in their voxel patterns than odd-
and even-trial vectors within the trained SR condition and
suggest that the rMFG-dPMC hosts an abstract process
that is most responsive to the implementation of novel
stimulus–response rules (but not necessarily retains
task-specific information). Arguably, this effect could be
driven by the higher mean activation in novel SR than
trained SR trials (albeit not significantly so; see Figure 5),
because a higher BOLD signal amplitude is likely to in-
crease pattern reliability (the proportion of the response
accounted for by signal relative to noise is higher). To rule
out this possibility, we ran a repeated-measures ANCOVA
contrasting mean Fisher-transformed Pearson correlation
coefficients between novel and trained SR while including
the difference in BOLD signal amplitude between novel
SR and trained SR as confounding variable. Results
showed that controlling for potential differences in BOLD
signal amplitude did not significantly affect the difference
in voxel pattern consistency between novel and trained
SR (F(1, 17) = 7.486, p = .015, ηp
2 = .319).
Figure 6. Mean Fisher-transformed Pearson coefficients (with standard errors of mean across participants) comparing within-task voxel pattern
consistency (even vs. odd trials) between the implementation task (SR) and the memorization task (OC) in the left/right IFJ (L/R IFJ), the left/right
IFS (L/R IFS), the rMFG-dPMC (red ROI), and the right VLPFC (R VLPFC). Correlation coefficients (with standard errors across participants) were
Fisher-transformed before statistical analyses. 0.1 < p > .05, *p < .05. Error bars reflect standard errors of mean across participants.
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Follow-up MVPA in rMFG-dPMC
Interestingly, the conception of rMFG-dPMC processes as
being deployed in encoding task rule representations
exclusively in the context of novel instructions raises ques-
tions about the amount of training necessary for these
processes to become automatized. In this respect, the
primary analyses in this study focused on distinguishing
brain responses to novel instructions from responses asso-
ciated with instructions repeated a substantial amount of
times in the training session (approximately 10 times for
each trained trial). However, previous evidence for rapid
reconfiguration of brain activity over the first few repeti-
tions of initially novel instructions (Ruge & Wolfensteller,
2010) suggests that the putative training-related modula-
tion of rMFG-dPMC processes in instruction implementa-
tion may be detected already from the first to the second
iteration of entirely novel instructions, predicting reliable
decreases in voxel pattern consistency already from the
first to the second presentation of a new trial. Second,
the notion that differences in internal consistency in right
rMFG-dPMC activity reflects training-related modulations
of task rule encoding processes for prospective action
entails that these modulations are contingent upon effec-
tively executing instructions in the target phase. From this
follows the prediction that internal consistency should de-
crease only in the context of applied rather than instructed
trials.
To this end, we ran a separate GLM (as described in
the Methods section), which involved (odd and even
trial) regressors coding for first instructed and applied task
rules (APL1), second instructed and applied task rules
(APL2), first merely instructed task rules (INST1), and
second merely instructed task rules (INST2; cf. Figure 7). In-
sofar as rMFG-dPMC responds most consistently to instruc-
tions that have not yet been applied, its response pattern
consistency should decrease as early as on its second pre-
sentation. We tested this hypothesis by entering Fisher-
transformed Pearson’s R coefficients between the odd and
even trials of APL1, APL2, INST1, and INST2 instructions in
SR into repeated-measures ANOVAs including the factors
Application (instructed and applied vs. merely instructed,
two levels) and Presentation (first vs. second presentation,
two levels) as within-subject factors. The ANOVA yielded a
reliable main effect of Presentation (F(1, 17) = 5.305, p <
.04, ηp
2 = .238), as well as a highly reliable Application × Pre-
sentation interaction (F(1, 17) = 20.479, p < .001, ηp
2 =
.546). This interaction was driven by a lower level of consis-
tency for APL2 compared with APL1 (t17 = −3.861, p =
.001), whereas no reliable difference was observed between
the first and the second presentation of the merely in-
structed trials (t17 = −0.187, p > .8), underpinning the no-
tion that response pattern consistency in rMFG-dPMC is
operationalized by effectively applying instructions. Al-
though visual inspection of Figure 7 suggests lower internal
consistency for INST1 and INST2 relative to APL1, paired
comparisons did not bear meaningful differences between
these conditions (all ps > .07), once again bolstering the
claim that this effect in rMFG-dPMC is specific to instruction
implementation. The same repeated-measures ANOVA
performed on OC trials yielded no reliable effects or inter-
actions (all ps > .1).
DISCUSSION
Research on the shaping role of verbal instructions on be-
havior has witnessed a surge of new findings underpin-
ning the central role of LPFC in the capacity to quickly
transform instructed stimulus–response mappings into
effective motor programs for prospective action. This ca-
pacity has previously been associated with the procedural
component of working memory in charge of action com-
pletion beyond mere knowledge retrieval (i.e., the de-
clarative component of working memory; cf. Oberauer,
2009) and appears to be heavily dependent on the integ-
rity of LPFC (Duncan, Hazel, Williams, Johnson, & Freer,
1996; Duncan et al., 2008). At the same time, the relative
contribution of specific LPFC areas in verbal instruction
implementation has remained underspecified. As an
attempt to replicate and expand upon recent work suggest-
ing a possible role of rMFG-dPMC in verbal instruction im-
plementation versus memorization (Demanet et al., 2016),
this study sought to (1) understand whether this and neigh-
boring LPFC areas would exhibit similar sensitivity to to-be-
implemented (SR) versus to-be-memorized instructions
Figure 7. Results from the
follow-up MVPA comparing the
first and second iteration of
newly applied (APL 1 vs. 2) and
newly instructed (INST 1 vs. 2)
trials of the SR and OC task in
rMFG-dPMC. *p < .05, **p <
.01. Error bars indicate standard
errors of mean across
participants.
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(OC), (2) further document the neural dynamics of these
areas in instruction implementation versus memorization
as a function of training, and (3) approach these ques-
tions from the perspective of univariate versus multivari-
ate (i.e., MVPA) analyses of functional imaging data, the
latter approach allowing for deeper understanding of the
exact role of these regions in implementing novel task
instructions (e.g., retaining task-specific information or a
more general process of instruction implementation at
different levels of processing and training).
Replicating and extending Demanet et al.’s (2016) find-
ings, univariate analyses revealed stronger activity in
rMFG-dPMC and right IFJ in response to novel SR com-
pared with novel OC instructions, supporting these re-
gions’ sensitivity to novel instructions conveying explicit
stimulus–response mappings as opposed to stimulus–
stimulus mappings. Interestingly, the same regions also
exhibited a relatively high level of activation in response
to novel and trained SR instructions. This observation is
in line with previous research highlighting the impor-
tance of LPFC and neighboring premotor regions in sup-
porting arbitrary sensorimotor mappings even after
training has occurred (Ruge & Wolfensteller, 2010; Zach
et al., 2008; Deiber et al., 1997) and suggests that rMFG-
dPMC and IFJ may play similar functions in the particular
context of verbal instruction implementation. The BOLD
signal increase from novel OC to trained OC was partic-
ularly unexpected and may be interpreted after the fact as
the result of having performed motor responses during
the truth-value judgments of instructed object–color
mappings. In contrast to novel or trained SR instructions,
these motor responses are not explicitly mentioned as
part of the instruction phase and are established only
subsequently as part of the target phase. In this view, re-
peated OC instructions would proactively trigger motor
responses that were previously established and per-
formed during target phases. The main difference be-
tween this study’s SR and OC task sequences when it
comes to stimulus–response mappings would thus lie
in the exact point within these sequences where motor
responses are established (i.e., instruction phase in SR
vs. target phase in OC). Some evidence from previous
imaging research on working memory seems to support
this proposition (Pochon et al., 2001; Rowe, Toni,
Josephs, Frackowiak, & Passingham, 2000), although
more work is needed to understand the effect of timing
of motor response selection on the neural correlates of
instruction implementation versus memorization.
Although univariate results indicate a possible role of
rMFG-dPMC and IFJ in maintaining new or previously
learned sensorimotor mappings, MVPA can provide more
sensitive insights into the cognitive processes involved in
assimilating these sensorimotor mappings on the basis of
verbal instructions. In this regard, our MVPA results re-
vealed more consistent voxel patterns in novel versus
trained SR confined to rMFG-dPMC, suggesting that this
region harbors information processing mechanisms spe-
cific to novel instruction implementation regardless of in-
struction identity. These mechanisms are unlikely to
pertain to stimulus classification, as these comprised sim-
ilar object classes (manmade objects or animals) for both
SR and OC trials. Rather, the main factor distinguishing
SR from OC instructions is the relation between stimuli
and motor responses. The fact that pattern consistency
decreases as early as the second iteration of previously
applied instructions and persists as long as instructions
have not been applied (cf. follow-up multivariate analy-
ses) further suggests that these mechanisms are sensitive
to the degree of training in establishing these stimulus–
response mappings and become unnecessary whenever
the same instructions are repeated (Ramamoorthy &
Verguts, 2012). In this light, our results may reflect learn-
ing procedures in which verbal information is transformed
into sublinguistic representations usable by premotor
systems for behavior when no training has yet occurred
(cf. Brass et al., 2017; Brass, Wenke, Spengler, & Waszak,
2009, for similar suggestions). The specific role of the
rMFG-dPMC could then be the activation of a generic
if–then rule format (hence, the higher voxel pattern con-
sistency across different task sequences) that allows the
formation of such sensorimotor representations regard-
less of task sequence. These representations can be
considered similar to the procedural working memory
format proposed by Oberauer (2009). Importantly,
although our results show that rMFG-dPMC responds
more consistently to novel SR trials than trained SR trials,
this does not mean that rMFG-dPMC is not involved in
trained SR instruction processing. Instead, our results
could just as well indicate rMFG-dPMC’s involvement in
processing task-specific information represented in previ-
ously applied trials (see especially Figure 6). At this point,
we can only conclude that the rMFG-dPMC seems to be
more involved in processing novel SR than novel OC
instructions (i.e., univariate findings), replicating previous
results (e.g., Demanet et al., 2016), and seems to do so in
a more generalizable manner than it does for novel OC
and trained SR instructions (i.e., multivariate findings).
Interestingly, our findings and previous evidence for
rMFC-dPMC activity during novel instruction implemen-
tation (Demanet et al., 2016; Ruge & Wolfensteller,
2010; see also whole-brain analyses in Muhle-Karbe
et al., 2017) suggest that this region’s involvement in
novel instruction implementation requires that instruc-
tions contain, at least in part, explicitly verbal informa-
tion. In contrast, instructions conveyed in an exclusively
nonverbal format have been shown to recruit the right
VLPFC (Reverberi et al., 2012a, 2012b). The absence of
the right VLPFC involvement in our present study,
whether at the univariate or multivariate level, indicates
that the neural mechanisms underlying instruction im-
plementation should, to some extent, be differentiated
based on the format in which instructions are conveyed.
Several hypotheses exist regarding a possible role of the
right LPFC areas in incorporating verbal and nonverbal
1182 Journal of Cognitive Neuroscience Volume 30, Number 8
information for higher-level behaviors (Putt et al., 2017;
Stout & Chaminade, 2012). In line with previous hypoth-
eses (Brass et al., 2009), we speculate that these incor-
poration processes may intervene at an intermediate
stage between the processing of purely verbal information
(likely involving language areas of the left hemisphere—a
possibility entertained by Hartstra et al., 2011) and a
sensorimotor stage in which verbally conveyed stimulus–
response mappings have been transformed into concrete
sensorimotor representations for impending action.
Understanding the exact moment-to-moment transition
of rule-guided behaviors from instructions to implemen-
tation, however, requires more complex imaging tech-
niques apt to disentangle the various stages of brain
signal progression during task execution (Bode &
Haynes, 2009; Sigala, Kusunoki, Nimmo-Smith, Gaffan,
& Duncan, 2008).
Reprint requests should be sent to Nicolas J. Bourguignon,
Department of Experimental Psychology, Ghent University,
Henri Dunantlaan 2, Ghent, Belgium, 9000, or via e-mail: nicolas.
bourguignon@ugent.be.
Note
1. Demanet et al. (2016) initially chose to name this region
the inferior frontal sulcus (IFS) based on its main activation
peak. However, given the anatomical overlap with the area re-
ported by Ruge and Wolfensteller (2010) and for the sake of
consistency, we consider the nomenclature rMFG-dPMC more
appropriate.
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